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1
SYSTEM AND METHOD FOR PREDICTING
FUTURE DISTURBANCES IN MODEL
PREDICTIVE CONTROL APPLICATIONS

TECHNICAL FIELD

Embodiments are generally related to process control
systems and methods. Embodiments are also related to MPC
(Model-based Predictive Control) processes. Embodiments
are additionally related to disturbance modeling techniques
for model predictive control applications.

BACKGROUND OF THE INVENTION

Process control systems can be utilized to control process
facilities such as, for example, chemical, petroleum and
other industrial operations. A typical process control system
includes one or more process controllers communicatively
coupled to each other, to at least one host or operator
workstation, and to one or more field devices via analog,
digital or combined analog/digital buses. Process facility
management providers develop such process control sys-
tems to satisfy a wide range of process requirements and
facility types. A primary objective of such providers is to
control, in a centralized or decentralized system, as many
processes as possible to improve the overall efficiency of the
facility. Each process, or group of associated processes,
possesses certain input (e.g., flow, feed, power, etc) and
output (e.g., temperature, pressure, etc) characteristics.

A common approach to advanced industrial process con-
trol involves the use of MPC (Model-based Predictive
Control) techniques. MPC is a control strategy that utilizes
an optimizer to solve for a control trajectory over a future
time horizon based on a dynamic model of the process. In
the majority of prior art MPC approaches, the current
measured disturbance remains constant over the entire pre-
diction horizon because there is no process information in
the future. Such a feature may be referred to as a constant
additive disturbance assumption. In many, if not most,
applications, this adversely affects the regulatory perfor-
mance of a standard MPC controller. Also, for high-fre-
quency/pulse disturbances, such an approach results in an
oscillatory behavior of unforced predictions and significant
control effort.

Based on the foregoing, it is believed that a need exists for
an improved method and system for predicting future dis-
turbances in an MPC application. Such an improved method
and system is described in greater detail herein.

BRIEF SUMMARY

The following summary is provided to facilitate an under-
standing of some of the innovative features unique to the
present invention and is not intended to be a full description.
A full appreciation of the various aspects of the embodi-
ments disclosed herein can be gained by taking the entire
specification, claims, drawings, and abstract as a whole.

It is, therefore, one aspect of the present invention to
provide for an improved model-based predictive controller,
which is capable of predicting future disturbance trajectory

It is another aspect of the present invention to provide for
an improved disturbance modeling method and system for
MPC applications.

The aforementioned aspects and other objectives and
advantages can now be achieved as described herein. A
system and method for predicting future disturbance in MPC
applications by segregating a transient part and a steady state

10

15

20

25

30

35

40

45

50

55

60

65

2

value associated with the disturbance is disclosed. A
dynamic state space model that includes a variable distur-
bance prediction module can be utilized for analyzing the
dynamic behavior of a physical process associated with a
process model. The process model represents the dynamic
behavior of the physical process being controlled and the
dynamic state space model represents current deviations
from the process model and future deviations over a prede-
termined prediction horizon. A predicted trajectory can be
calculated as a response to the initial conditions estimated by
a Kalman filter for the process model extended by a distur-
bance model. The output of the dynamic state space model
utilized for the disturbance prediction can be provided as an
estimated input to an MPC.

The MPC utilizes the process model and the disturbance
model to achieve the desired behavior of the process model
by determining process predictions and ultimately provides
an optimized output to the process model with a controlled
set of parameters. The MPC receives input signals indicative
of measured process parameters and the disturbance predic-
tion module perform independent process control decisions
which determine manipulated parameter values in response
to the input signals. The output from the MPC can be further
utilized as a controlled input for the process model to obtain
an optimized output. The unforced response can be signifi-
cantly calmer than prior art techniques; therefore, the pro-
posed approach can be effectively utilized in high frequen-
cies and pulse disturbances. The MPC technique associated
with the dynamic future disturbance prediction module is
expected to gain widespread acceptance in various industrial
process application due to its ability to achieve multi-
variable control objectives in the presence of dead time,
process constraints, and modeling uncertainties.

BRIEF DESCRIPTION OF THE DRAWINGS

The accompanying figures, in which like reference
numerals refer to identical or functionally-similar elements
throughout the separate views and which are incorporated in
and form a part of the specification, further illustrate the
present invention and, together with the detailed description
of the invention, serve to explain the principles of the
present invention.

FIG. 1 illustrates a block diagram of a process model and
a disturbance model employed in a MPC application to
determine process predictions, in accordance with an
embodiment;

FIGS. 2A and 2B illustrate respective block diagrams of
process control systems, in accordance with the disclosed
embodiment;

FIG. 3 illustrates a trend of an estimated disturbance with
separated current and steady state value of the disturbance,
in accordance with an embodiment;

FIG. 4 illustrates flow chart of operations illustrating
logical operational steps of a method for predicting future
disturbance in MPC applications, in accordance with an
embodiment;

FIG. 5 illustrates a data-processing apparatus, which may
be utilized to carry out an embodiment; and

FIG. 6 illustrates a schematic view of a system that
includes an operating system, application software, and a
user interface that may be utilized for carrying out an
embodiment.

DETAILED DESCRIPTION

The particular values and configurations discussed in
these non-limiting examples can be varied and are cited
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merely to illustrate at least one embodiment and are not
intended to limit the scope thereof.

FIG. 1 illustrates a block diagram 100 of a process model
110 and a disturbance model 120 employed in the context of
an MPC Controller 250 (Model-based Predictive Controller)
to determine process predictions 130, in accordance with an
embodiment. Note that in FIGS. 1-4, identical or similar
parts or elements are generally indicated by identical refer-
ence numerals. The process model 110 may model, for
example, a manufacturing plant, a mineral refinery, or a
crude oil refinery that possesses certain input (e.g., flow,
feed, power, etc.) and particular output characteristics such
as temperature, pressure, etc. The MPC Controller 250 can
optimize such characteristics through feedback and actua-
tion. The MPC Controller 250 generally evaluates the
observed information and applies an appropriate control
strategy to the process model 110 to achieve a desired
behavior while rejecting disturbances acting on the process
model 110. The MPC Controller 250 utilizes the process
model 110 and the disturbance model 120 to achieve the
desired behavior of the process model 110 by determining
process predictions 130.

The process model 110 comprises data associated with the
process such as engineering fundamentals, empirical repre-
sentations, and the like ultimately transformed to a state-
space model. The disturbance model 120 may constitute, for
example, the dynamic response of observed disturbances
ultimately transformed to a state-space model with respect to
each disturbance input to the process. Data from the distur-
bance model 120 is input as DV (Disturbance Variables) to
the process model 110. Note that the DV is just an additional
input to the process and can enter the process model 110 at
any point and is not limited to additive disturbances on
process input.

MYV (Manipulated Values or Variables) can be additionally
input to the process model 110. The MPC Controller 250
integrates data from the process model 110 and the distur-
bance model 120 for determining manipulated value MV
(process input) trajectory 130. The MV trajectory 130 can
thus be utilized as a controlled input for the process model
110 to obtain an output prediction. The process model 110
represents a dynamic behavior of the physical process being
controlled and the disturbance model 120 represents esti-
mated disturbance based on current deviations of measured
process output from the process model output 110 and future
trajectory of the disturbance over a predetermined prediction
horizon. Note that the process model and the disturbance
model described herein are mathematical models for calcu-
lating the process and disturbance predictions.

FIGS. 2A-2B illustrates respective block diagrams of a
process control system 201 and a process control system
203, in accordance with the disclosed embodiments. Note
that in FIGS. 2A-2B, identical or similar parts or elements
are generally indicated by identical reference numerals. As
indicated in FIG. 2A, the process control system 201 gen-
erally includes an MPC controller 250 whose output is fed
as input to a process dynamics module 251. In the configu-
ration depicted in FIG. 2A of system 201, a single MPC
controller 250 is depicted. In the configuration of system 203
depicted in FIG. 2B, the MPC controller 250 communicates
with the process dynamics module 251 and receives input
from the disturbance model module 120, which in turn
provides input to process model module 110. A Kalman filter
260 shown in FIG. 2B provides input data to the disturbance
model 120 and the process model 110. The Kalman filter 260
generally constitutes a process for estimating the value of
parameters in the presence of, for example, noise and time
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4

delays. Note that while the controller 250 can calculate the
optimal input based on the estimated DVAhat, the real
process dynamics of module 251 can respond to the real
(i.e., but unmeasurable) disturbance DV.

FIGS. 2A-2B generally illustrates the fact that while for
measurable disturbances, the value of DV can be used for
feed forward DV compensation (under the assumption that
future DV values will be equal to its current value—FIG.
2A), but for unmeasurable DVs, the current value has to be
estimated (estimated values are indicated with a hat ").
However, the use of estimated value provides another degree
of freedom-based on the dynamic model of the DV used for
the estimation of'its current value and the current initial state
of the “disturbance generator”, also its future trajectory can
be calculated and used as the FF in MPC algorithm (FIG.
2B).

The process control system 201 and/or 203 may be
configured as part of a distributed or scalable control process
utilized in, for example, chemical, petroleum, and other
industrial processes such as manufacturing plants, mineral,
or crude oil refineries, etc. Note that the disclosed approach,
although discussed in the context of a single MPC controller
250, may be employed in much more complex processes
wherein multiple MPC controllers are utilized. The process
control system 201 and/or 203 can be adapted for controlling
a process utilizing optimal multivariable controllers in par-
ticular model predictive control (MPC) techniques. The
MPC Controller 250 can be programmed utilizing any
number of optimization techniques such as, for example (but
not limited to) standard Quadratic Programming (QP) and/or
Linear Programming (LP) techniques to predict values for
the control outputs. The MPC Controller 250 can be imple-
mented in the form of online optimization and/or by using
equivalent lookup tables computed with a hybrid multi-
parametric algorithm depending on the complexity of the
problem.

The MPC controller 250 shown in FIG. 2A may commu-
nicate with both the process model 110 and the independent
disturbance model 120. The disturbance model 120 can be a
dynamic state space model utilized for disturbance predic-
tion. The process model 110 can be characterized by con-
trolled variables (CV) or process output variables and dis-
turbance variables DV. As indicated in FIG. 2B, the DV are
input to the process model 110 along with manipulated
variables (MV) output from the MPC controller 250. CV are
output from the process model 110 and supplied as input to
the summation device 112. Note that the MV constitutes
process input variables to both the process model 110 and
the process dynamics module 251. CV are also output from
process dynamics module 251 and fed as input to the
summation device 112. Such a system or process can be
applied to any form of operation in which the effects of
changes in the MV and DV generate some changes in the CV
over a period of time.

A steady state represents final state of the process follow-
ing the changes in the MV and/or the DV. For a stable
process, the steady state is achieved when the rate of change
of its output variables becomes zero for inherently stable
process or the rate of change of its output attains a constant
value. For open-loop unstable process, such as liquid accu-
mulator, the steady state can be achieved when the rate of
change of its output variables attain a constant value. The
process model 110 characterized in FIGS. 2A and/or 2B can
be a simple process involving one input variable and one
output variable or a more complex process involving mul-
tiple input variables and multiple output variables.
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Apredicted DV trajectory may be calculated as a response
to the initial conditions estimated by the Kalman Filter 260
for the process model 110 extended by the disturbance
model 120. The Kalman Filter 260 may be provided in the
context of an optimal filtering technique utilized for esti-
mating the state variables of the process model 110. The
Kalman Filter 260 can be a time domain operation that is
suitable for use in estimating the state variables of linear
time-varying systems that can be described by a set of, for
example, discrete models. The Kalman Filter 260 can be
generally utilized for state estimation in many process
models 110 that may be approximately described as linear.
The output of the disturbance model 120 utilized for the
disturbance prediction can be further provided as an esti-
mated input to the MPC controller 250.

The MPC Controller 250 can determine the behavior of
the process model 110 for the obtained disturbances and
ultimately provides an optimized output to the process
model 110 with a controlled set of parameters. The MPC
Controller 250 can utilize both linear and non-linear opti-
mization to determine the manipulations of processes within
the process model 110 that is required to achieve the desired
set of controlled parameters. The output signals transmitted
from the MPC controller 250 include one or more manipu-
lated parameter values that govern the process model 110.

FIG. 3 illustrates a GUI 300 of a pulse disturbance model,
in accordance with an embodiment. The GUI 300 represents
a predicted trajectory, which may be a pulse signal model for
disturbance signal from the disturbance model 120. As
required, detailed embodiments of the present invention are
disclosed herein; however, it is to be understood that the
disclosed embodiments are merely exemplary of the inven-
tion that may be embodied in various and alternative forms.
The figures are not necessarily to scale; some features may
be exaggerated or minimized to show details of particular
components.

FIG. 4 illustrates a flow chart of operations illustrating
logical operational steps of a method 400 for predicting
future disturbance in MPC applications, in accordance with
an embodiment. The dynamic behavior of a physical process
associated with the process model 110 can be analyzed via
the dynamic state space model 120 in order to manipulate
functions representing future disturbances, as depicted at
block 410. The future disturbances can be predicted utilizing
the disturbance prediction module associated with the
dynamic state space model, as illustrated at block 420. The
transient part and the steady state value of the disturbances
can be segregated, as depicted at block 430. Further, the
predicted trajectory can be calculated as a response to the
initial conditions estimated by the Kalman filter 260 for the
process model 110 extended by the disturbance model 120,
as shown at block 440. The output of the dynamic state space
model utilized for the disturbance prediction can be pro-
vided as estimated input to the MPC Controller 250, as
illustrated at block 450.

The MPC Controller 250 utilizes the process model 110
and the disturbance model 120 to achieve the desired
behavior of the process model 110 by determining process
predictions and ultimately provides an optimized output to
the process model 110 with a controlled set of parameters.
The output from the MPC Controller 250 can be further
utilized as a controlled input for the process model 110 to
obtain an optimized output. The unforced response can be
significantly calmer; therefore, the proposed approach can
be effectively utilized in high frequencies and pulse distur-
bances. The MPC technique associated with the dynamic
future disturbance prediction module can gain a widespread
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6

acceptance in the process model due to its ability to achieve
multi-variable control objectives in the presence of dead
time, process constraints, and modeling uncertainties.

FIGS. 5-6 are provided as exemplary diagrams of data
processing environments in which embodiments of the pres-
ent invention may be implemented. It should be appreciated
that FIGS. 5-6 are only exemplary and are not intended to
assert or imply any limitation with regard to the environ-
ments in which aspects or embodiments of the present
invention may be implemented. Many modifications to the
depicted environments may be made without departing from
the spirit and scope of the present invention. FIGS. 5-6 are
provided to demonstrate that the methodology described
herein can be implemented in the context of software and
various software applications, including software modules
and the like. Note that the various features and aspects
shown herein may be provided as such modules. For
example, the process model 110, the disturbance model 120,
and the process predictions component 130 disclosed in
FIG. 1 may be, for example, software modules. Similarly,
the Kalman Filter 260, process dynamics 251, the MPC
controller 250, and so forth may also be implemented in the
context of software modules. Systems 201 and 203, for
example, may also be implemented in the context of soft-
ware modules and/or software applications (e.g., software
application 552 shown in FIG. 5).

FIG. 5 illustrates an example of a data-processing appa-
ratus 500, which may assist in carrying out an embodiment.
The data-processing apparatus 500 generally includes a
central processor 501, a main memory 502, an input/output
controller 503, an input device such as, for example, a
keyboard 504, a pointing device 505 (e.g., mouse, track ball,
pen device, or the like), a display device 506, and a mass
storage 507 (e.g., hard disk). Additional input/output
devices, such as a rendering device 508, may be utilized in
association with the data-processing apparatus 500 as
desired. As illustrated, the various components of the data-
processing apparatus 500 communicates through a system
bus 510 or similar architecture.

FIG. 6 illustrates an example of a software system 600
that can be utilized for directing the operation of the data-
processing apparatus 500. Software system 550, which is
stored in system memory 502 and on disk memory 507,
includes a kernel or operating system 551 and a shell or
interface 553. One or more application programs, such as
application software 552, may be “loaded” (i.e., transferred
from storage 507 into memory 502) for execution via the
data-processing apparatus 500. The data-processing appara-
tus 500 receives user commands and data through user
interface 553; these inputs may then be acted upon by the
data-processing apparatus 500 in accordance with instruc-
tions from operating module 551 and/or application module
552.

The interface 553, which is preferably a graphical user
interface (GUI), also serves to display results, whereupon
the user may supply additional inputs or terminate the
session. In one particular embodiment, operating system 551
and interface 553 can be implemented in the context of a
“Windows” system. Thus, interface 553 may be, for
example, a GUI such as GUI 300 described earlier. In
another embodiment, operating system 551 and interface
553 may be implemented in the context of other operating
systems such as Linux, UNIX, etc. Application module 552,
on the other hand, can include instructions such as the
various operations described herein with respect to the
various components and modules described herein. Such
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instructions may process, for example, the method 400
described herein with respect to FIG. 4.

It will be appreciated that variations of the above-dis-
closed and other features and functions, or alternatives
thereof, may be desirably combined into many other differ-
ent systems or applications. Also, that various presently
unforeseen or unanticipated alternatives, modifications,
variations or improvements therein may be subsequently
made by those skilled in the art which are also intended to
be encompassed by the following claims.

What is claimed is:
1. A method for predicting disturbances of a physical
process, said method comprising:

analyzing the dynamic behavior of a physical process of
a mineral refinery associated with a process model via
a dynamic state space model thereby manipulating
functions representing future disturbances;

predicting said future disturbances utilizing a disturbance
prediction module associated with said dynamic state
space model;

segregating a transient part and segregating a steady state
value of said-disturbances associated with said process
model, indicative of said dynamic behavior of said
physical process associated with said mineral refinery
being controlled thereto;

calculating a predicted trajectory as a response to an
initial condition estimated by a Kalman Filter based on
outputs of said process model and said disturbance
model,;

estimating a future deviation using said disturbance pre-
diction module; generating an estimated disturbance
prediction output of said disturbance model based on
the predicted trajectory;

inputting said estimated disturbance prediction output
into a separate external model-based predictive con-
troller wherein said model based predictive is imple-
mented as an online optimization and uses equivalent
lookup tables computed according to a hybrid multi-
parametric algorithm;

providing manipulated variables from said model-based
predictive controller to a process dynamics module;
wherein said manipulated variables are determined
based on said estimated disturbance prediction output;
wherein said output of said process dynamic module is
determined based on an actual disturbance variable and
said manipulated variable; wherein said output of said
process model is determined based on said estimated
disturbance prediction output and said manipulated
variables;

determining process predictions by said model-based pre-
dictive controller based on said disturbance prediction
output and thereafter providing an optimized output as
a controlled input to said process model; and

controlling said physical process based on said optimized
output as a controlled input.

2. The method of claim 1 further comprising:

inputting disturbance variables from said disturbance
model into said process model wherein said disturbance
model comprises a dynamic response of observed dis-
turbances transformed to a dynamic state space model.

3. The method of claim 2 further comprising:

estimating said future deviation as a function of a past
deviation and a current deviation from said process
model by said disturbance prediction module; and

inputting said disturbance variables into said model pre-
dictive controller.
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4. The method of claim 3 wherein said disturbance model
provides data indicative of said current deviation from said
process model and said future deviation over a predeter-
mined prediction horizon.

5. The method of claim 4 further comprising transmitting
an input signal indicative of a measured process parameter
to said model-based predictive controller.

6. The method of claim 5 wherein said disturbance
prediction module performs an independent process control
decision to determine manipulated parameter values in
response to said input signal.

7. The method of claim 6 further comprising transmitting
a command signal from said model-based predictive con-
troller to said process model external to said model-based
predictive controller which include said manipulated param-
eter value to govern said process model.

8. A system for predicting disturbances, said system
comprising:

a processor;

a data bus coupled to said processor; and

a computer-usable medium embodying computer code,

said computer-usable medium being coupled to said
data bus, said computer program code comprising
instructions executable by said processor and config-
ured for:

analyzing the dynamic behavior of a physical process of

a mineral refinery associated with a process model via
a dynamic state space model thereby manipulating
functions representing future disturbances;

predicting said future disturbances utilizing a disturbance

prediction module associated with said dynamic state
space model;

segregating a transient part and segregating a steady state

value of said disturbances associated with said process
model, indicative of said dynamic behavior of said
physical process associated with said mineral refinery
being controlled thereto;

calculating a predicted trajectory as a response to an

initial condition estimated by a Kalman Filter based on
outputs of said process model and said disturbance
model,;

estimating a future deviation using sad disturbance pre-

diction module;

generating an estimated disturbance prediction output of

said disturbance model based on the predicted trajec-
tory;

inputting said estimated disturbance prediction output

into a separate external model predictive controller
wherein said model based predictive controller imple-
mented as an online optimization and using equivalent
lookup tables computed according to a hybrid multi-
parametric algorithm;

providing manipulated variables from said model-based

predictive controller to a process dynamics module;
wherein said manipulated variables are determined
based on said estimated disturbance prediction output;
wherein said output of said process dynamic module is
determined based on an actual disturbance variable and
said manipulated variable; wherein said output of said
process model is determined based on said estimated
disturbance prediction output and said manipulated
variables;

determining process predictions by said model-based pre-

dictive controller based on said disturbance prediction
output and thereafter providing an optimized output as
a controlled input to said process model, and
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controlling said physical process based on said optimized

output as a controlled input.

9. The system of claim 8 further comprising:

inputting disturbance variables from said disturbance

model into said process model wherein said disturbance
model comprises a dynamic response of observed dis-
turbances transformed to a dynamic state space model.
10. The system of claim 9 wherein said instructions are
further configured for:
estimating said future deviation as a function of a past
deviation and a current deviation from said process
model by said disturbance prediction module; and

inputting said disturbance variables into said model pre-
dictive controller.

11. The system of claim 10 wherein said instructions are
further configured for generating from said disturbance
model, data indicative of said current deviation from said
process model and said future deviation over a predeter-
mined prediction horizon.

12. The system of claim 11 wherein said instructions are
further configured for transmitting an input signal indicative
of' a measured process parameter to said model predictive
controller.

13. The system of claim 12 wherein said instructions are
further configured for performing via said disturbance pre-
diction module, an independent process control decision to
determine manipulated parameter values in response to said
input signal.

14. The system of claim 13 wherein said instructions are
further configured for transmitting a command signal from
said model predictive controller to said process model
external to said model-based predictive controller which
includes said manipulated parameter value to govern said
process model.

15. A non-transitory computer-readable medium for
authorizing access to a secure location, said computer-
readable medium embodying a computer program code, said
computer program code comprising computer executable
instructions configured for;

analyzing the dynamic behavior of a physical process of

a mineral refinery associated with a process model via
a dynamic state space model thereby manipulating
functions representing future disturbances;

predicting said future disturbances utilizing a disturbance

prediction module associated with said dynamic state
space model;

segregating a transient part and segregating a steady state

value of said-disturbances associated with said process
model, indicative of said dynamic behavior of said
physical process associated with said mineral refinery
being controlled thereto;

calculating a predicted trajectory as a response to an

initial condition estimated by a Kalman Filter based on
outputs of said process model and said disturbance
model,;

estimating a future deviation using said disturbance pre-

diction module; generating an estimated disturbance
prediction output of said disturbance model based on
the predicted trajectory;

inputting said estimated disturbance prediction output

into a separate external model predictive controller
wherein said model predictive controller is imple-
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mented as an online optimization and uses equivalent
lookup tables computed according to a hybrid multi-
parametric algorithm;
providing manipulated variables from said model-based
predictive controller to a process dynamics module;
wherein said manipulated variables are determined
based on said estimated disturbance prediction output;
wherein said output of said process dynamic module is
determined based on an actual disturbance variable and
said manipulated variable; wherein said output of said
process model is determined based on said estimated
disturbance prediction output and said manipulated
variables;
determining process predictions by said model-based pre-
dictive controller based on said disturbance prediction
output and thereafter providing an optimized output as
a controlled input to said process model; and

controlling said physical process based on said optimized
output as a controlled input.

16. The non-transitory computer-readable medium of
claim 15 further comprising:

inputting disturbance, variables from said disturbance

model into said process mode wherein said disturbance
model: comprises a dynamic response of observed
disturbances transformed to a dynamic state space
model.

17. The computer-usable medium of claim 16 wherein
said embodied computer program code further comprises
computer executable instructions configured for estimating
said future deviation as a function of a past deviation and a
current deviation from said process model by said distur-
bance prediction module; and

inputting said disturbance variables into said model pre-

dictive controller.

18. The non-transitory computer-readable medium of
claim 17 wherein said embodied computer program code
further comprises computer executable instructions config-
ured for generating via said disturbance model, data indica-
tive of said current deviation from said process model and
said future deviation over a predetermined prediction hori-
Zon.

19. The non-transitory computer-readable medium of
claim 18 wherein said embodied computer program code
further comprises computer executable instructions config-
ured for performing via said disturbance prediction module,
an independent process control decision to determine
manipulated parameter values in response to said input
signal.

20. The non-transitory computer-readable medium of
claim 19 wherein said embodied computer program code
further comprises computer executable instructions config-
ured for:

transmitting an input signal indicative of a measured

process parameter to said model predictive controller;
and

transmitting a command signal from said model predic-

tive controller to said process model external to said
model-based predictive controller which includes said
manipulated parameter value to govern said process
model.



